Introduction
A major challenge in molecular biology is the understanding of the regulation of gene expression both in a temporal and spatial framework. Indeed, basic mechanisms of life including cell growth, development and differentiation depend on the differential and regulated expression of specific genes.
Although regulatory elements controlling gene expression are generally embedded in the non-coding part of the genomes since the beginning of the sequencing era, efforts of the researchers were mainly focused on the decipher- * To whom correspondence should be addressed.
ing of the coding region with the aim of infering the corresponding protein sequence and assessing its biological activity. Consequently, most of the software tools developed so far are devoted to the analysis of protein coding sequences (Burset and Guigo, 1996; Fickett and Hatzigeorgiou, 1997; Snyder and Stormo, 1995) or to the prediction of protein structure (Sternberg et al., 1999) .
Since a large part of the genomes, particularly in eukaryotes, does not code for proteins many sequence contigs from whole genome sequencing projects will not provide any useful biological information unless specific software tools are developed allowing investigators to fill the gap between data production and interpretation.
Transcriptional or post-transcriptional control of gene expression involves short DNA or RNA tracts respectively interacting with specific binding proteins. The DNA elements controlling transcription such as promoters and enhancers are definitely better characterized and various software tools have been devised for their identification so far (Fickett and Hatzigeorgiou, 1997; Werner, 1999) . Contrary to this, RNA elements usually embedded in the 5 -and 3 -untranslated regions (UTR) of mRNA are much less studied and their identification is complicated by the fact that their activity very often derives mainly from the specific secondary structure rather than from the primary nucleotide sequence which instead may be barely conserved.
Among structural elements located in the UTR region of mRNAs whose biological activity has been demonstrated experimentally, there are the Iron Responsive Element (IRE) (Hentze and Kuhn, 1996) , the Histone 3 -UTR stemloop structure (Williams and Marzluff, 1995) , and many others which play important roles in the regulation of gene expression.
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It is then of utmost importance to develop specific software tools which are able to identify these elements in other sequences, thus greatly contributing to their functional characterization.
We present here the PatSearch algorithm which is able to analyze user submitted sequence collections for the presence of complex patterns including potential secondary structure elements also allowing mismatch and/or mispairing below a user fixed threshold.
The designing of each functional pattern is based on the available experimental data derived from the literature and/or from the scientists involved in its functional characterization. The experimental data considered include expression patterns of genes with recombinant UTRs, site-specific mutagenesis, RNAse protection and chemical probing experiments.
To assess sensitivity and selectivity of the pattern search, a suitable random model is needed which allows us to compute the number of expected pattern hits. The simplest way to accomplish this task is by simulation of natural sequences according to Markov chain models which in most cases reveal a suitable approximation. The comparison, for each pattern, between the number of observed and expected hits according to the simulation procedure, through a measure of statistical significance, will provide an assessment of the probability that a pattern match found in a novel sequence is a good candidate for the functional activity under investigation.
System and methods
The PatSearch program is written in C language and runs under the Unix operating system. It is essentially based on the pattern-matching program 'scan for matches' which was written by Ross Overbeek, David Joerg, and Morgan Price in 1993. This version of the program described by D'Souza et al. (1997) , with some updates, is also available through a Web-based system (http://www.mcs. anl.gov/compbio/PatScan/HTML/patscan.html).
The new version which implements the simulation procedure for assessing the statistical significance of pattern hits is available on the Web at the URL: http: //bigarea.area.ba.cnr.it:8000/EmbIT/Patsearch.html.
Implementation

Defining Patterns and Using Them in Search Requests
The PatSearch pattern matcher takes as input a database (or a database subset) available on the server site (EMBL, Genbank, UTRdb and others) or a user defined list of accession numbers indicating the relevant database on the Web submission form.
The users are allowed to choose whether they wish to search for nucleotide (default) or protein sequences, whether they wish to search on both strands of nucleotide sequences, the maximum number of hits reported, and whether overlapping hits should be reported. Sequence data should use the standard codes:
{A,C,D,E,F,G,H,I,K,L,M,N,P,Q,R,S,T,V,W,Y} for amino acids, and {A,C,G,T or U} for nucleotides, where T and U are equivalent. In the sequence data, upper case and lower case are equivalent and ambiguity codes are not recognized and skipped by the pattern matching program.
The PatSearch program locates all sub-sequences from the input sequences that are matched by a specified pattern. The pattern description was inspired by 'regular expression' rules, although both the syntax and the semantics are different, especially for the inclusion of specific operators for finding complementary helices and palindromes. Here, we clarify what we mean by a pattern and how the program locates the sub-sequences matched by it.
A pattern is a sequence of pattern units:
These pattern units are separated by white space (i.e. one or more spaces, tab characters, or end-of-line characters). All the patterns must be named p1, p2, etc. as well as the rules r1, r2, etc. (see below) using lower case letters. For example, GGCC 3 . . . 8 GAACC is a valid pattern made up of three pattern units. This simple pattern would match any sub-sequence beginning with GGCC, followed by three to eight characters, followed by GAACC. For example, the pattern would match both GGCCACGGAACC and GGCCAAAACGGAACC.
PatSearch patterns should use the standard IUB codes. X is the only ambiguity character allowed for protein sequences. The ambiguity codes supported for nucleotides are M-{A,C}; R-{A,G}; W-{A,T}; S-{C,G}; Y-{C,T}; K-{G,T}; B-{C,G,T}; D-{A,G,T}; H-{A,C,T}; V-{A,C,G}; N-{A,C,G,T}.
Before presenting a detailed description of pattern units and their matches, we need to briefly discuss the ability to reference sections of sequence that have been matched by a previous pattern unit. Consider the following pattern:
Here the first pattern unit is p1 = 4 . . . 4.
This will match any four-character sequence, and it will allow later pattern units to reference the matched sub-sequence (as p1). Thus, the pattern will match any 12-character sub-sequence that is made up of three repeats of the same four-character sequence (e.g. ACGTACG-TACGT).
Similarly, p1 = 4 . . . 4 p1 p2 = 3 . . . 3 p1 p2 p1 p1 p2
will match AAAAAAAACCCAAAACCCAAAAAAAA-CCC as well as ACGTACGTACGACGTACGACGTACG-TACG. The scan of a sequence S begins by setting the current position to 1 (the first character of the sequence to be searched). Then, an attempt is made to match p1 starting at the current position. If the attempt succeeds, then an attempt is made to match the next unit. If it fails, then an attempt is made to find an alternative match for the immediately preceding pattern unit. If this succeeds, then we proceed forward again to the next unit. If it fails, we go back to the preceding unit. This process is called 'backtracking'. If there are no previous units, then the current position is incremented by one, and the process starts again. This process continues until either the current position goes past the end of the sequence or all of the pattern units succeed. On success, PatSearch reports the 'hit'. If the user chooses to detect also overlapping patterns, the current position is set to one character past the start of the match; otherwise, the current position is set just past the hit region. Then the process begins again to find another hit.
In the case of two (or more) internal solutions for a given pattern, only the first match found is reported if the 'overlap' option is not chosen. If this option is chosen, all possible matches will be reported including those with the same ends and with different interior arrangements (for example, if a tRNA can fold into two different structures and a suitable pattern is designed the program will report both).
Pattern units that apply to both protein and nucleotide sequences. Various pattern units apply to both nucleotide and protein sequences.
(a) String Pattern Unit. This is a string of characters that may include ambiguity characters.
EXAMPLES. rGGrGG will match AGGAGG, GGGAGG, AGGGGG, or GGGGGG. Cx xCx x xC will match any eight-character amino acid subsequence in which the first, fourth, and last characters are C. 
Pattern units that apply only to nucleotide sequences.
When looking for patterns in nucleotide sequences, it is often necessary to be able to look for regions that 'loop back and bind' a previous region. The most obvious case is that of a hairpin loop. In the simplest case, this pattern search can be done easily by using a pattern unit of the form ∼ p1
which matches the reverse complement of the subsequence recorded in p1. Thus, the pattern
can be used to match a hairpin loop (sometimes called a stem-loop) structure in which the stem is six to eight characters in length, and the loop is three to eight characters in length. Depending on the choice of the 'overlapping' option, in the case of two (or more) internal solutions for a given pattern, only the first or all the possible solutions will reported respectively. For example, if the sequence GCGGGCGACCGC is searched using the pattern 'p1 = 3 . . . 5 4 . . . 6 ∼ p1' if the overlap option is not chosen, only the first match found is reported-'GCG GGCGAC CGC'. If the overlap option is chosen, in addition to the first match, the two internal matches are also reported, i.e. 'GCGG GCGA CCGC' and 'CGG GCGA CCG'. While useful, more capabilities are needed to search for many RNA and DNA structures. We have added a number of features to address this need. Consider the following pattern (which is written on two lines-a line can be broken anywhere that one can put spaces in a pattern):
The 'pattern unit' on the first line does not actually match anything; rather, it defines a 'pairing rule' in which standard pairings are allowed, as well as G-U, U-G, G-A, and A-G. In this format, r1 = {AU, UA, gc, cg} could be used to define the 'standard rule' for pairings. The second line consists of six pattern units, which may be interpreted as follows: p1 = 2 . . . 3 match 2 or 3 characters (call it p1) 0. . . 4 match 0 to 4 characters p2 = 2 . . . 5 match 2 to 5 characters (call it p2) 1. . . 5 match 1 to 5 characters r1 ∼ p2 match the reverse complement of p2, allowing G-U, U-G, G-A, and A-G 0. . . 4 pairs match 0 to 4 characters ∼p1 match the reverse complement of p1, allowing only G-C, C-G, A-T, and T-A pairs.
Thus, r1 ∼ p2 means 'match the reverse complement of p2 using rule r1'. Now let us consider the issue of tolerating mismatches and bulges.
One may add a qualifier to the pattern unit that gives the tolerable number of 'mismatches, deletions, and insertions'.
Thus,
means that the third pattern unit must match 10 characters, which are the reverse complement of the 10 characters in p1, allowing one 'mismatch' (a pairing other than G-C, C-G, A-T, or T-A), two deletions (a deletion is a character that occurs in p1, but has been 'deleted' from the string matched by ∼p1), and one insertion (an 'insertion' is a character that occurs in the string matched by ∼p1, but not in p1). In this case, the pattern would match ACGTACGTAC GGGGGGGG GCGTTACCT which is a fairly weak loop.
Weight matrices. A weight matrix can be used as pattern unit. Suppose you want to match a sequence of eight characters. The 'consensus' of these eight characters is GRCACCGS, but the actual 'frequencies of occurrence' are given in the matrix below. Thus, the first character is an A 16% of the time and a G 84% of the time. The second is an A 57% of the time, a C 10% of the time, a G 29% of the time, and a T 4% of the time, and so on as given below. This pattern unit will attempt to match exactly eight characters. For each character in the matched sub-sequence, the entry for that character in the corresponding 4-tuple is added to an accumulated sum. If the sum is greater than 450, the match succeeds; otherwise it fails. It is also possible to use ranges as in the following example: When dealing with nucleotide patterns, each weight matrix entry is a 4-tuple, but in a protein sequence each is a 20-tuple (with entries corresponding to the amino acid codes in alphabetic order). It is clear that such matrices are almost impossible to formulate or work with, unless they are automatically generated by a program. Finally, we note that the crude matrix used above is not really very well formulated. There is a broad literature on the use of weight matrices (see Gelfand, 1995) . All we will say here is that it would have been better to convert the entries in negative log values, normalize them, and construct the matrix. It makes more sense to sum the negative logs of the frequencies, rather than the frequencies themselves.
Postprocessing. It is occasionally very convenient to be able to 'reprocess' a section of a sequence that has already been matched. For example, consider a pattern with the form
This might well match very slowly, given the 3. . . 200 pattern unit. However, the pattern unit TGCAT-GCGGC[1,0,0] is by far the most discriminating (in that it fails to match in the vast majority of cases). For this reason in PatSearch we allow the use of the following pattern
and thus a two-pass approach is carried out in which the input sequence is first matched against the most discriminating pattern and then the hits from this pass are processed using the full pattern. The syntax of the last pattern unit is list : (subpattern)
where list is a list of recorded sections of sequence (in this case, just p1/p2/) and subpattern is a pattern to match against the concatenation of the regions represented by the list of recorded matches. The post-processing is not limited to a single rescan.
Simulation Procedure
The simulation procedure we have devised (described below), allows the user to consider Markov chains of any order for the generation of simulated sequences. For example using a Markov chain of the first order, the actual dinucleotide frequencies are considered for sequence generation, i.e. simulated sequences maintain the dinucleotide frequency of natural sequences. In the case of amino acid patterns the sequences are simulated taking into account only the actual amino acid frequencies of the searched proteins. Let us consider the collection to be searched for a given pattern which contains N nucleotide sequences of length
The simulation procedure, carried out R times for each pattern search, using a Markov chain of order M, is then described as follows:
(1) iterate n from 1 to R;
(2) iterate k from 1 to N ; (3) choose randomly the first w-gram (w = M + 1) of the sequence S k with probability
, where p ik is the observed frequency of the ith w-gram (i = 1, . . . , 4 w ) in the sequence k;
Markov chain generator-the key property of a Markov chain generator of order M is that the probability of each symbol in the sequence depends only on the value of the preceding M symbols. In the case of a zero-order Markov chain the nucleotide w + j ( j = 1, L k − 1) will be generated randomly as A, C, G or T with a probability defined by their relative frequency in the natural sequences. If M ≥ 1 the nucleotide w + j will be generated as A, C, G or T with probability respectively proportional to the observed frequency of the four w-grams x j+1 , . . . ,
. . , x j+w−1 T as determined by the value of an extracted random number.
The order of the Markov chain is chosen by the user (see Discussion). In the simulation procedure the sequences to be searched for a given pattern are thus shuffled but retain the natural wmers composition. The pattern search can be carried out on a large number (e.g. 100) of simulated sequence datasets thus allowing the calculation of expected hits with the relevant SD values. The statistical significance of the observed hits can be thus easily calculated by comparing observed and expected values with the usual chi-square statistics [chi-square = (Obs − Exp) 2 /Exp].
Application
We have used the PatSearch matcher to search for specific sequence patterns already known to play some functional role in the regulation of gene expression. In particular, we considered some cis-acting elements located in the 5 -or 3 -UTR regions of eukaryotic mRNAs which may play some fundamental role in the post-transcriptional regulation of gene expression.
The 5 -or 3 -UTR elements usually correspond to short oligonucleotide tracts, which generally fold into specific secondary structures and are binding sites for various regulatory proteins. The pattern description syntax of the PatSearch program is particularly suitable for modeling the consensus structure of such functional elements.
Among the cis-acting oligonucleotide patterns located in the UTR regions of eukaryotic mRNA involved in posttranscriptional regulation of gene expression the histone stem-loop element, the IRE and the SElenoCysteine Insertion Sequence (SECIS) are those more extensively studied and better characterized (Hentze and Kuhn, 1996; Hubert et al., 1996; Williams and Marzluff, 1995) . The definition of the sequence patterns specific for each of the above functional elements was based on the extensive comparative analysis of the sequence regions whose biological activity was experimentally demonstrated and on available experimental data obtained by chemical probing or site-specific mutagenesis.
In the following section these functional elements are described in more detail reporting the derived consensus pattern. These functional patterns, with many others which are specific of 5 -and 3 -UTR eukaryotic mRNAs, are collected as entries of the UTRsite database (http: //bigarea.area.ba.cnr.it:8000/EmbIT/UTRHome/) where a summary description of their biological activity can be found.
Histone mRNA 3 -UTR stem-loop structure Metazoan histone 3 -UTR mRNAs, lacking a polyA tail, contain a highly conserved stem-loop structure with a six base stem and a four base loop. Figure 1 shows the derived consensus stem-loop structure and the relevant PatSearch pattern we devised for the histone stem-loop element. In all histone mRNAs analyzed so far no G has been observed in the four base loop. In all metazoan except Caenorhabolitis elegans, there are two invariant urydines in the first and third base of the loop. In C. elegans the first base of the loop is C. Either 5 or 3 flanking sequences are necessary for high affinity binding of SLBP. The 5 flanking sequence consensus is CCAAA and the 3 flanking sequence consensus is ACCCA or ACCA with cleavage occurring after the CA.
The histone 3 -UTR hairpin structure is peculiar in that the bases of the stem are conserved unlike most functional hairpin motifs where conserved bases are found in single stranded loop regions only. The sequence of the stem and flanking sequences are critical for binding of its interacting stem-loop binding protein (SLBP).
Iron responsive element
The IRE is a particular hairpin structure located in the 5 -or the 3 -UTR of various mRNAs coding for proteins involved in cellular iron metabolism. Iron responsive elements are recognized by transacting proteins known as Iron Regulatory Proteins (IRPs) which control mRNA translation rate and stability. Figure 2 shows the derived IRE consensus structure and the relevant PatSearch pattern. Two alternative IRE consensus have been found both showing a bipartite stem interrupted by a bulged C or by a small internal loop formed by a cytosine nucleotide opposed to a trinucleotide ending with another cytosine. Some evidences also suggest a structured loop with an interaction between nucleotide one and nucleotide five (connected by a dashed line in Figure 2 ). The lower stem can be of variable length and is AU-rich.
Selenocysteine insertion sequence
Specific incorporation of selenocysteine in selenoproteins is directed by UGA codons residing within the coding sequence of the corresponding mRNAs. Translation of UGA, usually a termination codon, as selenocysteine requires a conserved stem-loop structure called SECIS lying in the 3 -UTR region of selenoprotein mRNAs. The consensus structure of SECIS element determined by comparative analysis of several selenoprotein mRNAs as well as with both RNase and chemical probing is characterized by a hairpin structure composed of two helices of different length separated by an internal loop. In the top helix a quartet of conserved 'non-Watson-Crick' base pairs is crucial for functional activity. The derived consensus structure of the SECIS element and the relevant PATSEARCH pattern is shown in Figure 3 .
Finding functional elements in mRNA UTR sequences using PatSearch
In order to search for the above described functional elements in the UTR regions we used the PatSearch program with input sequences the entries of the UTRdb database and input patterns those previously described (Figures 1-3) .
A non-redundant database, UTRdb collects all UTR sequence regions of eukaryotic mRNAs which is structured in the same taxonomic divisions adopted by the EMBL/Genbank database. The present version of the database (release 12, October 1999) contains more than 85 000 entries and about 30 million nucleotides.
The UTRdb entries found to contain the IRE element in the 5 -UTR and the histone stem-loop or the SECIS elements in the 3 -UTR are listed in Table 1 . It is interesting to note that all 30 3 -UTR sequences containing the histone 3 -UTR stem-loop pattern in Figure 1 actually corresponded to histone mRNAs belonging to different species and including both vertebrates and invertebrates. A very high selectivity has also been found for the IRE pattern where 18 out the total 20 matching 5 -UTRs correspond to mRNAs coding for proteins involved in iron metabolism regulation and known to contain the IRE element in their 5 -UTR. A different situation has been observed for the SECIS pattern which seems to be much less selective with only 27 out of the total 77 pattern hits actually corresponding to selenoprotein mRNAs known to contain a SECIS element in their 3 -UTR region-the other genes, some of them unknown, apparently do not code for selenoproteins. Indeed, if the data for the SECIS element in Table 1 are considered there are many mRNAs of unknown function which could possibly undergo a SECIS-mediated regulation.
The matching patterns found in UTR sequences for which no experimental data are available can be considered either functional candidates or just false positives. This is the case, for example, of the two additional mRNAs found to contain the IRE element in the 5 -UTR (see Table 1 ) which could be considered as reliable candidates for IRE-mediated regulation.
If we define the true and false positives (t + and f + ) as matched functional or non-functional patterns respectively, and true and false negative (t − and f − ) as unmatched functional or non-functional patterns, we can calculate the sensitivity and selectivity of the method as (Snyder and Stormo, 1995) :
The sensitivity represents the percentage of genuine functional patterns, in total t + + f − , recognized by the pattern matcher. The selectivity represents the percentage of the total positive matches, i.e. t + + f + , which actually correspond to genuine functional elements. False negatives can be recognized as UTR sequences which fail to match the derived consensus pattern although their relevant functional activity has been experimentally demonstrated or consistently predicted on a comparative basis. On the contrary, true negatives and false positives can be defined only by experimental check. Therefore, the degree of selectivity, which gives the probability the matched pattern has biological activity, cannot be directly calculated with the formula above. Our data show that both the histone stem-loop and the IRE derived consensus patterns are able to match all UTRs known to contain either of the two elements, thus suggesting a very high sensitivity level. A good sensitivity has been observed also for the SECIS element as 90% (27/30) of the known elements are predicted by the derived consensus pattern in Figure 3 and only three elements (e.g. Human Gpx3, Tilapia type I iodothyronine deiodinase and Rat type I iodothyronine deiodinase mRNAs) fail to match. Indeed, also in this case total coverage can be obtained just allowing one more mismatch in helix two (see the consensus structure in Figure 3) . However, the price to pay for this small increase in sensitivity is a consistent decrease in selectivity as in the resulting twofold increase of matching UTRs.
Assessing statistical significance and selectivity level by pattern matching simulation
The evaluation of the statistical significance of the observed occurrence of a given pattern can be obtained through the simulation procedure described in the Implementation section. Indeed, if a simulation is carried out which generates a huge number of investigated sequence dataset where simulated sequences retain the nucleotide and/or oligonucleotide composition of the natural sequences, the execution of the pattern searching algorithm using the devised consensus pattern allows us to estimate the average number of matches we may expect just by chance. Assuming the average number of hits represents the expected number of hits under a random model we can easily calculate the statistical significance of the observed hits through the simple chi-square statistics. If we assume that the expected number of pattern hits estimates the number of false positives we can easily assess the selectivity level for each pattern as previously defined.
In Table 2 the number of observed and expected patterns for each of the three functional elements here considered, calculated using a first-order Markov chain in the simulation (see Discussion), with the statistical significance and the selectivity level, are reported. A conservative estimate of the selectivity level can also be obtained as the proportion of UTR sequences known to contain the relevant functional pattern (marked in Table 1 ) over all matching UTRs. This is likely to underestimate the selectivity level as the biological activity of the unknown matching pattern cannot be excluded without experimental investigation.
According to simulation data, the highest selectivity, about 100%, is observed with the histone stem-loop structure. This means that the probability that a match is not functional (false positive) is negligible. Indeed, all found matches correspond to actual histone mRNAs. Also the IRE pattern was rather selective in 5 -UTRs, with a selectivity level ranging from 84 to 97%. It is interesting to note that both histone stem-loop and IRE patterns were found to be statistically significant only in animal mRNAs and not in plant or fungi mRNAs where these elements are not reported to be functional.
The SECIS pattern presented a very low level of selectivity and resulted in being significantly over-occurring only in rodent and other mammal 3 -UTRs.
Discussion
The enormous flood of sequence data produced by the many sequencing projects now in progress requires the development of suitable bioinformatic tools which may greatly help their functional characterization. Conversely, the gap between data production and their interpretation is doomed to increase ever more, making newly produced genomic sequence data useless over time. Database searching is the most common approach for the characterization of anonymous sequences where the finding of Table 1 . List of mRNA sequences matching the histone stem-loop element in the 3 -UTRs, the IRE in the 5 -UTRs and the SECIS in the 3 -UTRs. For each match the relative position in the UTR region, the UTRdb ID and the EMBL accession numbers are provided. mRNAs known to contain a functional element are also ticked ( √ Figures 1-3) . The expected matches represent the average number of hits over 100 simulated datasets. The third and fourth row of each cell report the significance level (*, <5%; **, <1%; ***, <0.1%; NS, not significant) and the selectivity level (SL = 1 − Exp/Obs; ND, not determinable), respectively. The fifth row reports the fraction of hits actually corresponding to known functional elements (i.e. the fraction of marked hits in Table 1 If no homologous sequences are found to match in the database the task of sequence characterization is much more difficult. In this sense the prediction of putative functional elements in the non-coding portion of the mRNAs may provide significant hints. Furthermore, the prediction of such elements in the UTR of mRNAs coding for already characterized products could also provide crucial information on the possible regulatory pathway controlling gene expression thus guiding further experimental investigations. However, the occurrence of false positives cannot be excluded as we do not take into account the possible effect of the bases upstream and downstream of the matching sequence.
The automatic annotation of the huge number of EST sequences, now providing an almost complete catalogue of the expressed genes in several organisms, is particularly interesting in this context also because they mostly consist of untranslated sequences. The PatSearch matcher is thus particularly suitable for searching sequence data for the presence of complex oligonucleotide patterns whose structure has been previously derived from experimental characterization of functional elements.
However, we need to assess the probability that the found pattern hits are reliable candidates for the functional activity under investigation and not just false positives produced by the lack of an adequate knowledge of the actual functional pattern. To this end we developed a simulation procedure which can easily allow for calculation of a given pattern of the number of matches we may expect just by chance. Indeed, the simulation procedure rests on the assumption that random generated sequences reproduce the feature of the natural ones.
It is well known that nucleotide sequences are not random as they display preference or avoidance for specific oligonucleotides (e.g. CpG or TpA depletion). For this reason they are better modeled taking into account their oligonucleotide composition and not simply their base composition. In particular, there is some evidence that natural sequences can be adequately represented if their dinucleotide composition is taken into account (Stueckle et al., 1990) . Therefore, in the simulation we used a first-order Markov chain sequence generator which retains in the simulated sequences the dinucleotide composition of real sequences known to be strongly deviating from random expectation.
Results shown in Table 2 provide evidence that this is a rather conservative approximation as the simulation procedure predicts a larger number of false positives (i.e. 0.6, 2.2 and 57.7 for histone stem-loop, IRE and SECIS elements respectively) than those we can estimate in real sequence data (i.e. 0, 2 and 40 respectively). In addition, the occurrence of the functional elements considered here to test the method are found significant in most of the expected cases. Namely, the IRE is to be found occurring significantly only in animal 5 -UTRs, where it is known to have functional activity, but not in plant and fungi 5 -UTRs, where it is known that the regulation of the expression of genes involved in iron metabolism is not IRE-mediated. Analogously, the histone stem-loop and the SECIS elements are found significantly over-represented just in the 3 -UTRs, as expected, but not in the 5 -UTRs (data not shown).
The selectivity level, which can be easily calculated by the simulation procedure may thus provide a reliable estimate of the probability that a sequence region matching with a known consensus pattern is a good candidate for the functional activity under exam thus providing useful indications for further investigations.
